Introduction
This paper provides an integrated assessment model that incorporates uncertainty over key parameters that affect forest carbon sequestration. Unlike most integrated assessment models, that treat forest carbon sequestration as deterministic, we incorporate uncertainty by using the state-contingent approach. This method yields insights into how uncertainty affects the benefits of using the forest in combating climate change.
Forests play an important role in the global climate cycle and have received attention over the last decades as a carbon abatement strategy. Several studies suggest that the forest carbon sequestration could be a low-cost option to slow down climate change, and an increasing number of integrated assessment models include different forest actions as abatement strategies. However, forest carbon sequestration may be a less certain way to reduce emissions than energy abatement, both in the long and in the short run. Various uncertainties are linked to forest sequestration, for example, uncertainty about the future growth rate of the forest, climate feedbacks, forest carrying capacity, carbon leakages, technological potentials of bioenergy, and cost of land. Assumptions about such variables are essential to the conclusion when evaluating the forest resource as a climate tool. Recognition of these uncertainties in integrated assessment models has been lacking, and we aim to contribute to the literature by reducing this gap.
In this paper, we address some uncertainties directly linked to forest carbon sequestration. Many aspects remain uncertain about the economics of climate change, and attention has been given to this recently in integrated assessment model literature (e.g., Ackerman et al. (2010) ; Cai et al. (2012) ; Golub et al. (2014) ). There are multiple ways of conceptualizing uncertainty, and how we choose to model it will determine the robustness of the recommended policy. We use the statecontingent approach to incorporate uncertainty into an integrated assessment model with forest biomass. The main advantage of this approach is that it allows us to work with models that are too complex for stochastic dynamic programming (De Bruin et al., 2016) , without having to rely on the commonly used Monte Carlo approach. Monte Carlo has been shown to derive unreliable optimal policies under uncertainty (Crost and Traeger, 2013) .
The results of this paper indicate that forest uncertainty matters. Specifically, we find that the importance of including forest controls in climate policy increases when we model the uncertainty related to forests. These results imply that an optimal forest response allows us to reduce the costs associated with uncertainty. This paper is outlined as follows. Section 2 describes our integrated assessment model. Section 3 explains our approach to include uncertainty and the unknown parameters. Section 4 presents the results. Section 5 concludes.
The Model
This paper is based on the FOR-DICE model by Eriksson (2015) . The FOR-DICE model is an extension of the DICE-2007 model by Nordhaus (2008) . The main feature of the FOR-DICE is the incorporation of the global forest biomass as three types of stocks, namely tropical forest, temperate forest, and boreal forest. In addition to the control variables of the original DICE-2007 model, investment and abatement, the optimization problem in the FOR-DICE model also includes bioenergy harvest and avoided deforestation. In this paper, we further extend the controls of the FOR-DICE model by including afforestation.
We asses in this paper whether the optimal choice of these control variables change when we account for key uncertainties regarding forest carbon sequestration. Uncertainty is implemented by using the state-contingent approach described in Section 3. This section briefly describes some of the main features of the model. Appendix A contains the equations of the model. Appendix B provides tables summarizing all parameters and variables.
Dynamics of the Forest
The dynamics of the forest biomass follows a logistic growth function formulation. In this nonlinear formulation, the growth of forest biomass increases until the size of the stock is half of its carrying capacity. Beyond this midpoint, the growth of biomass decreases as the stock further approaches its carrying capacity. Besides the natural growth of the forest, the stock is also affected by harvest and changes in the forest area. Harvest consists of removals for goods and services, and removals for energy. While harvest decreases the size of the stock, it increases the growth rate of the forest biomass. Change in forest area comes from deforestation, afforestation, or climate change. These changes affect the biomass carry capacity of the land.
Afforestation, or increase in forest area due to climate change, increases the growth potential of the forest biomass through an increased carrying capacity. Deforestation, or decrease in forest area due to climate change, reduces the growth potential through a decreased carrying capacity and decreased forest biomass. Accordingly, avoided deforestation will have a larger short-run benefit than afforestation.
Deforestation
Deforestation is mainly caused by the conversion of forest to agricultural land in the tropics. The tropical forest in the FOR-DICE model is subject to baseline deforestation, which can be reduced through the deforestation control variable. The path of the uncontrolled tropical deforestation is derived from the exogenous emissions from land in the DICE-2007 model. The cost of reducing this deforestation is derived from estimates by Kindermann et al. (2008) . The cost can be seen as a rental payment to land owners necessary in each period to prevent the conversion of forest land. This rental payment will reoccur each future period because once forest land is conserved, it cannot be converted in future time periods. The avoiding deforestation policy covers all potential participants, and forest conversion prevented in one location cannot be reallocated to another location, this is known as leakages.
Afforestation
Another control of forest land is afforestation. Afforestation, in contrast to deforestation, involves increasing the forest area by converting non-forest land into forest land.
1 We extend the FOR-DICE model to include the possibility of afforestation in the tropical and temperate zone. These areas are established to have the largest carbon sequestration potential from afforestation (Sohngen and Mendelsohn, 2003) . Afforestation, like avoided deforestation, displays increasing marginal cost curves due to the opportunity cost of land. However, in addition to the opportunity cost of land, afforestation efforts usually also require a plantation cost (Nabuurs and Masera, 2007) . 2 Because of this cost, it is likely that afforestation is more expensive than avoided deforestation (van Kooten et al., 2004) . Given the difficulty in modeling the opportunity cost of land there is a broad range of afforestation cost estimates (Richards and Stokes, 2004) . We use the total agricultural production value per hectares from the Global Agro-Ecological Zones (GAEZ v3.0) geospatial dataset (Fischer et al., 2012) to estimate the value of land. Land areas unsuitable for afforestation are excluded. We compute cost curves from the raster data with Arc 1 We also include reforestation in the concept of afforestation.
2 We use a plantation cost of 800$/ha for the tropical and temperate zone. This cost equals the one used by Benítez et al. (2007) for tree plantation in Brazil.
contains detailed information regarding the cost estimates.
Effects of Climate Change on the Forests
While the forest affects global warming through release and sequestration of carbon, the forest is also affected by the climate. Another extension of the FOR-DICE model is that climate change also impacts the forest. An increasing temperature affects the forest in two ways. First, by changing the growth rate of the existing forest biomass. Second, by changing the geographical distribution of the forest.
We model the first effect of climate change through the intrinsic growth rate of the forest biomass.
While the relationship between the change in the growth rate and the temperature is negative in all forest zones under high warming scenarios, moderate warming scenarios have a positive effect on the boreal forest growth. Warmer temperatures are generally estimated to increase the boreal forest productivity, but the growth effect is counteracted by increases in insect outbreaks, storms, droughts and wildfires triggered by climate change (IPCC, 2014) . Trees in boreal forests are in many cases growing below their temperature optimum and will, therefore, respond to an increase in temperature with a higher growth rate (Way and Oren, 2010) . It is, however, likely that the boreal forests will be negatively affected by very high temperatures due to a rapid increase in forest dieback and disturbances (Scholze et al., 2006) . Therefore, for the boreal forest, we model the net effect of climate change to be positive under moderate warming scenarios but negative under high temperatures. Conversely, trees in the tropics are already operating within their optimal temperature and will therefore not benefit from higher temperatures (Way and Oren, 2010) . The growth rate of tropical forest in the hottest regions is expected to decrease due to temperatures reaching levels above the tolerance of the forest and a reduction in rainfall (IPCC, 2014) . The negative relationship between the change in the temperature and the growth rate for the tropical forest is modeled to be small at low warming scenarios but highly nonlinear.
Until recently, the temperate forest has shown increases in their growth rate in many regions, partly as a result of higher CO 2 concentration and longer growth periods. However, the forest is starting to show more signs of climate stress (IPCC, 2014) . We model the relationship between the change in the temperature and the growth rate for the temperate forest to be nonlinear with small effects at low and moderate warming scenarios.
As previously mentioned, climate change will also affect the geographical distribution of the forest. We model this effect of climate change through the carrying capacity and the size of the forest biomass. The carrying capacity increases in the case of an expansion of the forest area and decreases in the case of a reduction in forest cover. A reduction of forest land also leads to a direct loss of forest biomass. Distribution of forest biomass is generally restricted by either water availability or temperature (Kirschbaum et al., 1995) . The boreal forest is predicted to exhibit a northward expansion into the tundra and to undergo a composition change towards more temperate forest species. The tropical forests are expected to undergo replacement by savannas due to forest dieback caused by higher temperatures and increased water stress (IPCC, 2014) . Temperate forest area is expected to change the least compared to other forest zones (Kirschbaum et al., 1995) . We model increased temperatures to increase boreal forest area and decrease the tropical forest area while the temperate forest area is assumed to be unchanged in the deterministic scenario. The relationship is nonlinear for all forest zones as Scholze et al. (2006) conclude that the risk of biome shifts depends strongly on the degree of warming. They show that risks are already apparent at temperatures below 2
• C, and increase greatly for temperatures between 2 -3 • C, and even more for temperatures higher than 3
• C. The effects of climate change will cover substantially larger areas if temperatures are higher than 3
• C than for temperatures less than 2 • C (Scholze et al., 2006) .
Harvest
The total harvest is the sum of the industrial roundwood removals and woodfuel removals.
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While harvest to produce energy is a control variable in all forest zones, the industrial roundwood harvest grows linearly with labor to maintain the simplicity of the model. 5 This simplification implies that the competition for biomass for energy and carbon storage will increase over time, with harvest to wood products being predominant.
Energy
Energy in FOR-DICE is a perfect complement to the constant return to scale Cobb-Douglas production function of labor and physical capital. The energy-output ratio is exogenously declining over time due to an increase in energy efficiency. Energy can either be of non-carbon-based types or carbon-based types. The non-carbon-based energy technologies, such as solar or nuclear power, is represented by the carbon control rate. The carbon-based energy comes from a constant return to scale Cobb-Douglas production function of fossil carbon and bioenergy harvest.
The energy elasticities of bioenergy harvest are defined by their share of the total global energy production in the initial period.
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Emissions and Sequestration
Total carbon emissions come from two sources, i.e., from fossil fuels and forest biomass. The forest releases carbon through loss of biomass from bioenergy harvest, from industrial roundwood harvest, and from loss of forest area through deforestation or climate change. 
Uncertainty
Modeling uncertainty is important for optimal decision making. To model uncertainty, the integrated assessment literature has primarily relied on stochastic optimization, and on the Monte Carlo approach. In this paper we focus on a third method: the state-contingent approach.
6 Data on the harvest for energy production in each forest zone comes from FAO (2010) , and data on the energy production is mainly from IEA. For more information about the calibration of the energy function, see Eriksson (2015) .
7 Carbon in the industrial roundwood harvest is released within one decade. Hence, we do not take into consideration long-lived wood products that can store the carbon for a considerable amount of time. Most of the harvested biomass is, however, already being lost in the processing chain (Ingerson, 2009) .
8 The reader is referred to Nordhaus (2008) for the geophysical equations of the DICE-2007 model.
In this section, we begin by describing the method we use to model uncertainty. We then describe the sources of uncertainty on which this method is applied.
State-contingent uncertainty
In this paper, we use the state-contingent approach to model parameter uncertainty. Only a few papers have so far used this method in the integrated assessment literature. In a pioneering study, Pizer (1999) determines optimal climate change policy under uncertainty by using a dynamic contingent state approach in a DICE model setting. De Bruin et al. (2016) further builds on this approach by assessing the effects of uncertainty on adaptation and mitigation with multiple uncertain parameters, including several parameters with fat-tailed distributions.
The state-contingent approach is a form of non-recursive stochastic programming and introduces uncertainty as multiple states of the world. 9 The random parameters in each state are drawn from known or estimated distributions in advance, so uncertainty is partly resolved before optimization. In this model, we make our drawings from probability distributions of parameters affecting: the exogenous growth rate of the forest, the climate change effect on the forest growth, and the climate change effect on the forest cover. The sample points define the state space, which means that each state has a unique set of parameters and variables, populated by draws from assigned distributions. Hundreds of states are used to simultaneously determine the optimal policies for each scenario. This large number of states is necessary to explore the realistic policy consequences of uncertainty, otherwise important features of the uncertain parameter space may go unrecognized.
The optimal policy is found by maximizing the state probability weighted sum of utility in each state. 10 At optimization, it is not known which state will occur, hence, the policy maker has to take into account all potential futures. Given equal state probability weights, the objective function is written as:
where s = {1, ...S} is the state index and W s is the welfare in one state, described by Equation 29 in Appendix A. The control variables are: investment I t , carbon control rate µ t , and a set of forest control variables ν t (bioenergy harvest, avoided deforestation and afforestation). In this setting, the policy maker has to simultaneously evaluate the consequences of policies in all states. This includes accounting for the fact that a policy that raises the utility in one state might decrease the utility in another. This can be viewed in contrast to the Monte Carlo approach where the policy maker optimizes each state of the world separately and then averages the resulting paths.
The Monte Carlo approach is often used in integrated assessment models to simulate uncertainty (e.g., Nordhaus (2008) and Ackerman et al. (2010) ). This approach is, however, essentially an averaged sensitivity analysis where uncertainty is not part of the decision process. Crost and Traeger (2013) show that the results from the Monte Carlo approach can be misleading, not only in terms of magnitudes but also in the direction of the effects of uncertainty.
While stochastic dynamic programming (SDP) is the most comprehensive approach to model uncertainty, these models are inherently difficult to solve and suffer from the so-called curse of dimensionality. Each stock, control, and stochastic variable adds a dimension to the problem, making it hard or impossible to solve numerically for high dimensions. Most of the DICE implementations using SDP have proposed ways to reduce the dimensionality problem (e.g., Kelly and Kolstad (1999) , Cai et al. (2012) , and Crost and Traeger (2013)). The SDP framework has many advantages, including the ability to model shocks and the endogenous updating of probability distributions. Nonetheless, in a SDP framework it would be very difficult to model the forest with sufficient detail. All in all, while the state-contingent framework limits the complexity of the uncertainty that can be modeled, it does allows us to use a model that includes significantly more dimensions than the original DICE model.
Parameters subject to uncertainty
As explained above, uncertainty in this model is derived from unknown parameter values. In this section, we describe the subset of parameters for which we implement uncertainty.
Our prior is that parameters are independently and normally distributed around their deterministic value. 11 The value of the standard deviation is chosen so that for, at least, draws within two standard deviations, the forest outcome is within reasonable values. While these standard deviation values are conjectural, we investigate the sensitivity of the results to these assumptions 11 While it might be reasonable to assume that there exist some correlation between the different uncertain parameter in nature, we do not attempt to model such a relationship in this paper.
in Appendix E. To conform with biological constraints, such as non-negative intrinsic growth rates, we further restrict our distributional choices by truncating the distributions when appropriate. These truncations guarantee that the results will be consistent with nature even in the case of low probability draws. Table 1 provides an overview of the uncertain parameters and their distributional assumptions. Initial intrinsic growth rate
Initial intrinsic growth rate
Temperature-growth parameter
Temperature-forest cover parameter T N [−20, 10,
Temperature-forest cover parameter
Temperature-forest cover parameter T N [20, 10, −∞, 0]
Intrinsic growth rate of the forest
A key source of uncertainty in assessing global carbon sequestration is the dynamics of forest biomass. Recognizing this uncertainty is important because global carbon sequestration models may be sensitive to the assumptions made on the forest growth rate. The dynamics of the forest biomass in this model follows a logistic growth function formulation. Hence, the growth rate of the forests depends on the intrinsic growth rate and the size of the stock relative to its carrying capacity. 12 We take this direct forest growth uncertainty into account by assuming that the initial intrinsic growth rate, ψ n,t=1 , for the boreal, temperate, and tropical forest are unknown with truncated normal distributions.
Climate effects on the forest
Boreal, tropical and temperate forests will undoubtedly be affected by a warmer climate, although the impact is ambiguous. Climate change is expected to affect forests through a large number of channels that could have many interactions, threshold effects, and nonlinearities. Accordingly, the net impact of atmospheric CO 2 concentrations and temperatures beyond observed levels are highly uncertain. Forests in our model are affected by climate change through two mechanisms:
changes in the dynamics of the existing forest and changes of the geographical distribution of the forest. Here we implement uncertainty for both of these mechanisms. First by implementing uncertainty of the climate effect on the intrinsic growth rate. Second by implementing uncertainty of the climate effect on the change in forest area.
Climate effect on the intrinsic growth rate
The intrinsic growth rate of forest biomass is affected by climate change through a temperaturegrowth function. The function for each type of forest is derived to capture the key features of the relationship between these two variables as described in the literature. See the previous section for a discussion of the literature. Specifically, these functions represent a percentage change of the initial intrinsic growth rate caused by a warmer climate. The temperature-growth function for the tropical and temperate forest is written as:
and for the boreal forest is written as:
∆T t is the increase in the global mean temperature from the first time period. φ 2n , φ 3n , and φ 4n are deterministic temperature-growth parameters. The temperature-growth parameter for each type of forest, φ 1n , are unknown with truncated normal distributions. show the effect of an uncertain parameter value one standard deviation higher, and lower, than the deterministic value. Figure 1 shows that the boreal forest productivity increases under moderate warming of the climate while higher temperatures lead to a negative effect on the forest growth.
The initial positive growth effect will, at an unknown temperature increase, be dominated by the increase in insect outbreaks, storms, droughts and wildfires expected by climate change. The size of the forest area is affected by climate change through a temperature-forest-area function. As in the previous case, this function is derived with the objective of capturing the key features of the relationship between these two variables as described in previous literature. The proposed non-linear function that describes the hectare change in forest area induced by climate change, is written as:
where κ 1n is an uncertain temperature-land parameter and ∆T t is the increase in the global mean temperature. The uncertain temperature-forest-area parameter, κ 1n , is normally distributed for all forest zones. section refers to uncertainty about forest parameters, as described in Section 3. Table 2 lists the main scenarios of the paper. In addition to the main scenarios, we also run a 2 • C scenario in Appendix D where the global mean temperature increase is limited to 2 • C. In Appendix E, we test the sensitivity of the result with respect to the standard deviation of the unknown parameters. We begin by analyzing the effect of uncertainty on the forest controls. Figure 7 shows the optimal bioenergy harvest for the three types of forest. By comparing the FC and the UncFC curve, we can see that the effect of including uncertainty in the forest control scenarios differs across forest
types. The temperate forest shows an uncertainty effect on the bioenergy harvest with both a lower initial level and a greater decline over time. The impact of uncertainty on the bioenergy harvest for the tropical and the boreal forest is, on the other hand, insignificant. The rebalancing of forest controls that occurs when uncertainty is introduced differs across forest types because of their different properties. The reason it is optimal to reduce bioenergy harvest in the temperate forest comes from the objective of reducing emissions. Note that the expected sequestration value of preserving the temperate forest is higher as the temperate forest biomass will have a higher expected growth rate.
If we instead compare the optimal bioenergy harvest curves to the NFC curves, we find that the NFC harvest is non-optimal in all forest zones, both with and without uncertainty. The NFC curve is higher than the optimal forest control for the tropical and boreal forest while lower for the temperate forest. This result derives from differences in the carbon content of biomass, the bioenergy efficiency, and the growth rate of the biomass in each forest zone. The NFC tropical bioenergy harvest is high due to extensive use of wood fuel in the tropical region. The efficiency of the bioenergy conversion is, however, low and the carbon released from bioenergy production is high. Hence, it is optimal to have a more moderate tropical bioenergy harvest. The reason for the lower optimal boreal bioenergy harvest comes from its low biomass growth rate. The temperate forest control is higher both with and without uncertainty due to the high efficiency of the energy conversion and a high forest growth rate. We next consider the afforestation controls. Figure 8 shows the cumulative hectare of tropical and temperate afforestation for the FC and the UncFC scenario. The figure does not contain the NFC scenario as the baseline afforestation is zero. While the tropical afforestation is slightly lower under uncertainty, the temperate afforestation is higher. The effect of uncertainty is, as in the case of bioenergy harvest, initially small but increasing over time for the temperate forest.
The cumulative temperate afforestation is almost 30% higher under uncertainty by 2115. Given that we want to lower the expected value emissions under uncertainty, the temperate forest seems to be a more efficient tool than the tropical forest. The expected value of the growth rate of the temperate forest is higher while the difference in the marginal cost of land between the zones is small at this levels of afforestation. In addition to the forest controls discussed above, the tropical forest also has avoided deforestation. The deforestation control rate represents the fraction of baseline deforestation that is avoided. While the level of baseline deforestation is exogenously decreasing over time, the optimal deforestation control rate increases until deforestation is fully avoided by the year 2115. In our results, uncertainty has a small impact on the avoided deforestation rate. Rebalancing avoided deforestation to decrease the cost of uncertainty seems to be inefficient. This occurs because increasing the level of avoided deforestation, even slightly, would increase the cost significantly as the marginal cost is highly non-linear.
On the whole, with and without uncertainty, optimal forest controls leads to a larger global stock of forest biomass. We can see in Figure 9 that both the stochastic and deterministic value of net sequestration is higher under forest control than under no forest control. The FC and the UncFC curve shows a positive net sequestration while the NFC and the UncNFC curve shows net emissions from forest starting in 2025. The result for the optimal net sequestration comes from afforestation, avoided deforestation, and the reduction of tropical bioenergy harvest. Note that, while afforestation only leads to higher sequestration, the effect of avoiding deforestation and of reducing the bioenergy harvest, leads to both higher sequestration and an immediate reductions in emissions. The emissions from the forest without forest control are mainly driven by baseline deforestation and by bioenergy harvest in the tropical zone. The difference in sequestration between the uncertainty and the deterministic scenario under forest control is, however, driven by the difference in the temperate forest controls. The forest controls in the temperate forest seem to be efficient instruments to decrease the cost of uncertainty. The rebalancing of the forest controls that occurs to reduce the cost associated with uncertainty leads to a larger temperate forest stock. We can see in the figure above that the expected value of sequestration is higher for the UncFC scenario than for the FC scenario from the year 2055. For the case without forest controls, the UncNFC curve overlaps with the NFC curve until the year 2065 when the UncNFC curve surpasses the NFC curve. Because forest controls are exogenous in both these scenarios, the higher long-run sequestration value comes from the difference in the climate effect on the forest. The expected value of temperature is lower under uncertainty without forest control, which means a lower climate impact on the forest and a lower net sequestration.
Besides the forest controls, we can use non-carbon-based energy as a tool to reduce global emissions. The carbon control rate, shown in Figure 10 , represents the share of non-carbon-based energy in the global economy. We can see that the forest controls do not affect the optimal carbon control rate if we do not have uncertainty. Furthermore, by looking at the FC and the UncFC curve, we can see that introducing uncertainty does not change the carbon control rate when we have forest controls. However, without the possibility to rebalance the forest controls under uncertainty, the carbon control is initially higher and increasing over time at a higher rate. The carbon control rate together with the forest controls will limit the expected global mean temperature increase as shown in Figure 11 . The NFC curve indicates that the temperature will be higher when uncertainty is not taken into account. We can also see that uncertainty does not affect the temperature if we have forest controls. However, including uncertainty without forest control leads to lower expected temperature in the medium to long run. This lower temperature is derived from the higher carbon control rate, shown in the previous figure. The cost associated with uncertainty cannot be reduced by the rebalancing of the forest controls in the UncNFC scenario, but is instead managed by a vast increase in the carbon control rate. to rebalance the forest controls we can turn to the objective value, the maximized sum of discounted utilities over all states and time. Table 3 shows that the objective value is the lowest when we have uncertainty and no possibility to rebalance the forest controls. However, we can also see that the cost of uncertainty can in large part be avoided under optimal forest controls.
We can see that the benefit of using the forest carbon sequestration optimally increases under uncertainty. We can also see that uncertainty is costly without optimal forest controls by studying the carbon price. Table 4 shows the expected value of carbon price in the different scenarios. The carbon price balances the incremental cost of reducing carbon emissions with the incremental benefits of reducing damages. Without uncertainty, we only reach a slightly higher carbon price if we do not have forest controls. Under uncertainty, however, only using the carbon control rate to curb climate change proves to be costly. The carbon price by the year 2075 is more than twice as large for the UncNFC than for UncFC scenario. and by changes in the forest controls. The changes in the forest controls include higher avoided deforestation, lower bioenergy harvest, and higher afforestation. By and large, the uncertainty effect on the controls is larger under the 2 • C limit than in the main scenario.
The sensitivity of the results with respect to the level of uncertainty is investigated in Appendix E. Specifically, we explore how changes in the size of the standard deviations of the unknown parameters affect the results. The analysis focuses on the temperate forest controls as the forest controls for the tropical and boreal forest remain non-sensitive to uncertainties of these magnitudes. In the case of the temperate forest, we find, by and large, that lower standard deviations of the unknown parameters lead to less afforestation and more bioenergy harvest, and vice versa.
Conclusion
This paper studies the consequences of forest carbon sequestration uncertainties for optimal mitigation policy by constructing a state-contingent optimization model based on the integrated assessment model FOR-DICE by Eriksson (2015) . This approach allows us to optimize over numerous possible states of the world to realistically assess a single course of action under uncertainty. The FOR-DICE is an extension of DICE 2007, with additional stock variables and multiple stochastic variables, giving a complexity that rules out any attempt to use stochastic dynamic programming. To our knowledge, the state-contingent method is the only way to solve a stochastic model like this and to find robust optimal policies. The importance of including uncertainty is attained by comparing the results from this optimal climate policy under uncertainty to the result derived from a more typical optimization with a single set of parameter values.
We find that ignoring uncertainties associated with forest carbon sequestration will give the wrong balance between different mitigation controls and a biased estimate of costs and hence the wrong carbon price. Accordingly, the results when evaluating climate policies will be misleading.
The necessary rebalancing of the forest controls in our model mainly concerns the temperate forest, which seems to be an important tool to reduce the cost of uncertainty. More afforestation and less bioenergy harvest are optimal under uncertainty as the marginal benefit of temperate sequestration increases when forest parameters are uncertain. While uncertainty leads to a relatively small rebalancing of the controls initially, the controls with and without uncertainty increasingly diverge over time. Because of the aggregated nature of the model, these results can only be indicative to further research.
The forest is a cost-effective tool for mitigating climate change, regardless of whether uncertainty concerning the sequestration potential and climate feedbacks are taken into account. However, the importance of using the forest optimally in climate policy increases when we include forest sequestration uncertainties. Our results show that the welfare gain from using the forest optimally in climate policy is greater under uncertainty. Without the possibility to rebalance the forest controls under uncertainty, we will experience high costs from reducing emissions by vast increase non-carbon fuels. On the whole, including forest controls in the set of mitigation tools makes us more resilient to uncertainty.
Appendix A: Equations of the model
This section presents most of the equations of the model. We refer the reader to Nordhaus (2008) for omitted equations. The forest zone is denoted by n, where n = {bor, tem, tro} represents the boreal, the temperate and the tropical forest. For simplification, we omit the state index, s, in the notation. The tilde (∼) marks unknown parameters for which we make distributional assumptions, as discussed in Section 3.1.
Dynamics of the forest
The dynamics of the forest biomass is written as:
where F n,t is the stock of forest biomass, ψ n,t is the intrinsic growth rate and H n,t is the total harvest. D n,t and B n,t are loss of forest biomass due to decrease of forest land. D n,t represents loss from deforestation and B n,t represents loss from climate change. The forest biomass carrying capacity is written as:
The fraction
Fn,t is a rescaling to convert biomass deforestation, D n,t , into biomass carrying capacity. A n,t represents an increase in carrying capacity from afforestation. G n,t represents an increase, or decrease, of the carrying capacity from a climate induced change in forest area.
Deforestation
The baseline deforestation in the FOR-DICE model comes from converting the exogenous DICE-2007 model emissions from land, Γ tro,t , to biomass deforestation using the tropical carbon intensity parameter, θ tro . The total tropical biomass deforestation in any time period is given by:
where Γtro,t θtro represents the baseline deforestation in terms of forest biomass, RD t is the deforestation control rate and represents the reduction of deforestation as a fraction of the baseline deforestation. The net reduction of direct emissions from deforestation is then given by:
The marginal cost of avoiding deforestation is written as:
where RE n,t is the reduction of direct carbon emissions from deforestation. This occurs because land with low opportunity cost is adopted first, while deforestation in later time periods requirers land with higher opportunity cost. The total cost of avoiding deforestation is written as:
which is the sum of the rental payment to previously hindered conversion and the marginal costs up to a chosen level of emissions reduction, RE t+1 .
Afforestation
We include the possibility of afforestation in the tropical and temperate zone. Afforestation increases the growth potential of the forest biomass through an increased carrying capacity. The increased carrying capacity from afforestation is written as:
which is the hectares of land afforested, HA n,t times the biomass carrying capacity per hectare, ξ n . The afforestation plantation cost,
is the per hectare cost of planting forest, τ n , times the amount of of land being afforested, HA n,t .
The marginal rental cost of land, M A n,t , is derived from the agricultural production value of land. The rental cost of afforestation in each time period,
is the integral of the marginal cost function up to the cumulative hectare afforested, HC n,t = t 0 HA n,t . Together with the afforestation plantation cost we get the total cost of afforestation in each time period:
Appendix C contains a detailed description of the marginal cost of afforestation.
Effects of Climate Change on the Forests
The intrinsic growth rate is written as:
where ψ n,t=1 is the initial intrinsic growth rate and T I n,t is the percentage change induced by climate change. The net effect of climate change is negative for the temperate and the tropical forest for all levels of warming. The effect on the boreal forest, on the other hand, is positive under moderate warming scenarios but negative under high temperatures. The temperature-intrinsic growth rate function for the tropical and temperate forest is written as:
where ∆T t is the increase in the global mean surface temperature from the first time period, φ 1n is an uncertain temperature-growth parameter. φ 2n , φ 3n , and φ 4n are deterministic temperaturegrowth parameters.
The change in biomass carrying capacity induced by climate change is written as:
T F n,t is the change in forest cover in hectares and ξ n is the biomass carrying capacity per hectare.
The carrying capacity increases in the case of an expansion of the forest area, and decreases in the case of a reduction in forest cover. A reduction of forest area also leads to a direct loss of forest biomass, written as:
which is the average biomass per hectare, ε n times the loss of forest area, T F n,t . The change in forest area induced by climate change is written as:
where κ 1n is an uncertain temperature-land parameter.
Harvest
Total harvest of each type of biomass:
is the sum of harvest dedicated to bioenergy production, HB n,t , and industrial roundwood harvest, HS n,t . The total industrial roundwood harvest is:
which is the sum of the various forest biomass harvests, HS n,t , where χ n is the share of total harvest for forest biomass type and
Lt+1
Lt is labor growth.
Energy
Energy in this model is a perfect complement to the constant return to scale Cobb-Douglas production function of labor and capital. Output is denoted by Y t . Energy can either be of non-carbon-based types or carbon-based types. The non-carbon-based energy comes from the carbon control rate, and the carbon-based energy comes from fossil fuels and forest biomass.
Energy in the FOR-DICE model comes from the emissions from production in the DICE-2007 model:
The carbon emissions-output, σ t , is declining over time due to an increase in carbon efficiency.
The carbon emissions from production can be reduced by the carbon control rate, µ t , which represents non-carbon based technologies to produce energy. The DICE-2007 model carbon emissions from production is converted back to energy units Ξ t using an energy emissions parameter.
The energy from carbon-based sources is modeled as a constant return to scale Cobb-Douglas function:
where ζ is a scale parameter, HB n,t is biomass harvest intended for energy production, and F O t is fossil fuel carbon.
(1 − β tro − β bor − β tem ) is the elasticity of fossil fuel carbon and β tro , β bor and β tem are the bioenergy elasticities for tropical, boreal, and temperate biomass harvest.
13
13 There is no extraction or harvest cost. Fossil fuel is subject to a resource constraint, of 6000 billion tons of carbon, producing Hotelling rents.
Emissions and Sequestration
The total carbon emissions,
is the fossil fuel carbon, F O t , minus the sum of the net forest carbon sequestration in each forest zone, EF n,t . The net forest carbon sequestration,
is the change in biomass multiplied by a forest carbon intensity parameter, θ n . This change of forest biomass is the growth of the forest minus the loss of forest biomass. Loss of forest is caused by bioenergy harvest, by industrial roundwood harvest, and by the decrease of forest area through deforestation or climate change.
The total carbon emissions cause the temperature to change via the geophysical equations of the DICE-2007 (Nordhaus, 2008 .
Output
The output, net of costs and climate damages is given by:
where Λ t is the abatement cost function as a fraction of world output, Y t is a Cobb-Douglas production function of capital and labor. T t is the global mean surface temperature, π 1 and π 2 are damage scalars. CD t is the total capital cost of avoiding deforestation and n CA n,t is the total cost of afforestation. Consumption per capita in any period equals output net of abatement and damages minus investment divided by labor, Temperature-forest growth parameter 0.24 φ 3n
Temperature-forest growth parameter -0.026 φ 4n
Temperature-forest growth parameter 0.78 κ 1n
Temperature-forest cover parameter 20 0 -20 
Marginal cost of reduced emissions through deforestation ($) P A n,t Plantation cost of afforestation ($) Q t Output net of abatement and damages ($) RA n,t
Rental cost of afforestation ($) RD n,t Deforestation control rate (fraction of uncontrolled deforestation) RE t Reduced carbon emissions through deforestation control (tc) T t Global mean surface temperature (
Temperature-forest cover function (%) T I n,t Figure 12 shows the estimated marginal cost curves for afforestation. 
M A tem,t = 30.1 + 0.165HC
where HC n,t is the cumulative hectares afforested.
Meeting the goal of limiting global warming to 2 • C implies lower emissions than our main scenarios suggest. The reduction in emissions comes both from increasing the carbon control rate and from changing the forest controls. We can see in Figure 13 , both for the uncertain and the deterministic scenario, that a 2 • C temperature limit leads to a steeper rise in the carbon control rate. As previously mentioned, without any temperature limit there are no differences in the carbon control rate between the uncertain and the deterministic scenario. However, when a temperature limit is imposed, uncertainty leads to a higher carbon control rate. Similarly to the carbon control rate, the rate of avoiding deforestation increases when we impose a 2 • C limit, as shown in Figure 14 . In this case, we again find that imposing a temperature limit results in a higher avoided deforestation in the uncertain scenario compared to the deterministic scenario. All harvest to produce bioenergy are lower under the 2 • C limit. The decrease is largest for the tropical forest, which has a high initial harvest, and smallest for the boreal forest, which has a low initial harvest. The temperature limit also leads to an uncertainty effect for all forests. Figure 15 and Figure 16 show the tropical and the temperate harvest, respectively. The uncertainty scenario under the 2 • C limit displays the lowest harvest levels. As previously shown, only the temperate harvest has an uncertainty effect without any temperature limits. Afforestation is higher for both the tropical and the temperate forest when we impose a 2 • C limit, as shown in Figure 17 and Figure 18 . Uncertainty under the 2 • C limit leads to lower tropical and temperate afforestation in the medium and long run. This occurs because it is relatively more cost efficient to reduce emissions via other controls given the already high afforestation levels under the 2 • C limit. As previously mentioned, uncertainty under the 2 • C limit leads to higher avoided deforestation, a higher carbon control rate, and a lower bioenergy harvest, which gives a direct reduction in the carbon emissions, in contrast to forest planting, which only reduces emissions through sequestration. Table 8 shows the expected value of carbon price for different scenarios under a 2 • C temperature limit. Comparing these values to those in Table 4 , we can see that imposing a temperature limit leads to higher carbon prices. A 2 • C limit increases the importance of including the forest climate policy even if uncertainty is not taken into account. In line with previous results, uncertainty in the 2 • C limit leads to higher carbon prices. Also as before, the rebalancing of the forest controls mitigates the effects of uncertainty but not to the same extent. 
Standard deviation of the climate effect on the forest cover
The sensitivity of the level of the climate effect on the forest cover is tested by running the UncFC scenario with two alternative standard deviations of the temperature-forest cover parameter distribution. For all forest zones, the low and the high standard deviation are 15% lower and 15% higher than the original standard deviation. As shown in Figure 21 and Figure 22 , the temperate forest controls respond to a lower standard deviation but are insensitive to an increase in the standard deviation. Standard deviation of the climate effect on the intrinsic growth rate
The sensitivity of the level of the climate effect on the intrinsic growth rate is tested by running the UncFC scenario with two alternative standard deviations of the temperature-forest growth parameter distribution. For all forest zones, the low and the high standard deviation are 15% lower and 15% higher than the original standard deviation. Figure 23 shows the cumulative temperate afforestation, and Figure 24 shows the temperate harvest to bioenergy production, under different standard deviations. The results show that reducing the level of uncertainty leads to less afforestation and more bioenergy harvest, and vice versa. 
